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ABSTRACT:
Carbon nanotube-based field-effect transistors (NTFETs) are ideal sensor devices as they
provide rich information regarding carbon nanotube interactions with target analytes and
have potential for miniaturization in diverse applications in medical, safety, environmental,
and energy sectors. Herein, we investigate chemical detection with cross-sensitive NTFETs
sensor arrays comprised of metal nanoparticle-decorated single-walled carbon nanotubes
(SWCNTs). By combining analysis of NTFET device characteristics with supervised
machine learning algorithms, we have successfully discriminated among five selected
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purine compounds – adenine, guanine, xanthine, uric acid, and caffeine. Interactions of
purine compounds with metal nanoparticle-decorated SWCNTs were corroborated by
density functional theory (DFT) calculations. Furthermore, by testing a variety of prepared,
as well as commercial solutions with and without caffeine, our approach accurately
discerns the presence of caffeine in 95% of the samples with 48 features using a linear
discriminant analysis (LDA) and in 93.4% of the samples with only 11 features when using
a support vector machine (SVM) analysis. We also performed recursive feature elimination
and identified three NTFET parameters – transconductance, threshold voltage, and
minimum conductance – as the most crucial features to analyte prediction accuracy.
KEYWORDS: carbon nanotubes, graphene, linear discriminant analysis, sensor arrays,
support vector machine

Introduction:
Sensor array approaches utilizing multivariate data analysis1-10 and machine-learning11
techniques to classify different analytes have been emerging for many biochemical and
analytical applications. Materials such as metal-organic frameworks (MOF),12-16 imprinted
polymers,17-19 peptides,4 carbon nanomaterials,8 and quantum dots9 have been widely
investigated for incorporation into sensor arrays. For example, Anslyn and co-workers
developed a cross-sensitive peptide-based ternary sensing array as a type of indicator
displacement assay.4 Various types of wood used to age cachaça were distinguished and
identified by processing via linear discriminant analysis (LDA) the changes in the UV
spectrum from different tannin compositions interacting with the assay. In another example,
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Li and co-workers8 employed chemiresistive graphene sensors to discriminate and classify
the structurally and chemically similar volatile organic compounds (VOCs) toluene, oxylene, p-xylene, and mesitylene. Leveraging feature selection process and principal
component analysis, their approach improved the prediction accuracy to 92%.8 In a recent
study, Parkin and co-workers9 utilized surface functionalized fluorescent quantum dots
array to detect and differentiate among five different explosives. The fingerprints from the
differential quenching of quantum dot-analyte interaction were analyzed by LDA and
support vector machine (SVM), achieving up to 100% classification accuracy.
Carbon nanotubes are highly sensitive to changes in the local environment and serve
as an ideal platform for the fabrication of label-free nanoelectronic sensors. To date,
various analytes were detected with carbon nanotube-based chemiresistor or field-effect
transistor (NTFET) devices used as electrical transducers when suitable molecular
recognition layers were employed.20-26 The characteristic NTFET curves, i.e., the
dependence of the source-drain conductance on the applied gate voltage (G-VG), contain a
wealth of information as compared to resistive measurements and have proved useful for
analyzing the mechanism of interaction with target analytes.27 Integrating the NTFET data
from the interaction of chemically distinct sensor surfaces to each analyte provides a novel
avenue for deeper analysis which in turn enables the detection of analytes without unique
designs of molecular recognition layers. For example, we recently employed a series of
metal nanoparticle functionalized carbon nanotubes NTFET devices as cross-sensitive
sensor arrays, demonstrating electronic “tongue” functions and ability to analyze different
cell types.28 We selected 11 features from each G-VG curve based on the NTFET
biosensing mechanisms to form a data matrix which was further analyzed using LDA.
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Based on this approach, we were able to successfully discriminate between tissues and
malignant and non-malignant cells.28 Instead of examining individual parameters of
NTFET and trying to correlate their changes to the chemical nature of the analytes, the
methodology developed in our previous work18 takes a more holistic approach in analyzing
multiple responses (i.e., multiple parameters of NTFET curves) by constructing the pattern
recognition of the analytes. It should be expected that further analysis based on a machine
learning approach should allow us to learn which parameters or sensor elements enhance
discrimination of different analytes leading to better sensor arrays designs and improve
feature extraction toward fully automated NTFET measurements.
In this work we selected five representative purine derivatives, i.e., adenine (A),
guanine (G), xanthine (X), uric acid (UA) and caffeine (CF), which were measured using
a sensor array comprised of metal nanoparticle-decorated carbon nanotube NTFET
devices29 to discriminate each purine compound. To ensure the sensors work differently
while remaining cross-sensitive to the analytes in the sensor array, four NTFET devices
were decorated with metal nanoparticles (Au, Pt, Pd, and Rh) while one NTFET device
was left bare due to the work functions dependent potential barriers at the interface of metal
and SWCNTs.30 The interactions of purine derivatives with extended Au metal surfaces
and Au nanoparticle SWCNT hybrid systems were further investigated by density
functional theory (DFT) calculations to determine which compounds have the largest
adsorption energies and potential good sensitivity in sensor measurements. The sensor
array was further tested for the detection of caffeine, a popular stimulant of human central
nervous system, whose consumption has been associated with cardiovascular health and
calcium balance.31-33 We developed and evaluated the robustness and accuracy of the
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caffeine-prediction models built from a total of 55 features (i.e., 11 features extracted from
5 different NTFET devices) using a stratified 10-folds cross-validation. The highest
accuracy achieved was 95% using LDA with 48 features, while a 93.4% accuracy was
obtained by using a support vector machine (SVM) method with only 11 features.
Furthermore, we determined the accuracy and sensitivity of the algorithm to different types
of features and identified, based on a recursive feature elimination with cross validation
(RFECV) approach, those features which are essential in determining the accuracy of the
model.

RESULTS AND DISCUSSION
Figure 1a depicts the Si chip used for the sensing experiment with each of the four
devices having interdigitated electrodes. Oxidized SWCNTs were deposited from solution
on the chip surface via dielectrophoresis (DEP),34 and metal nanoparticles (NPs) were
subsequently nucleated on the oxidized defects on SWCNTs by electrodeposition.29, 35 A
scanning electron microscopy (SEM) image of Au NPs on SWCNTs is shown in Figure
1b. Each chip has four carbon nanotube devices decorated with the same type of metal
nanoparticles. We repeated the process for three other metals (Pt, Rh, Pd) and for one
SWCNTs sample without any metal electrodeposition. Consequently, the sensor array is
composed of 20 total sensors (four sensors on each chip × five different

functionalizations). Each sensor was tested in a liquid-gated field-effect transistor
configuration (Figure 1c). We applied a bias voltage (+0.05 V) between the source and the
drain and swept the gate voltage from + 0.6 V to – 0.6 V to get the NTFET characteristics
for both blank (H2O) and purine solution (1mM). G-VG curves demonstrate p-type

5

semiconducting characteristics with a modest on/off ratio due to the presence of metallic
nanotubes in the SWCNT sample (Figure 1d). NTFET transfer characteristics were
collected for each device type in H2O as a baseline followed by the test solutions. Solutions
were introduced to the chip surface and allowed to incubate for five minutes. For every
solution, a minimum of 12 measurements were taken per surface type. For example, upon
exposure to caffeine solution, the NTFET transfer characteristics of Pt-SWCNT device
change by shifting to a more negative gate voltages and a lower source-drain conductance
(Figure 1d). SEM images and the changes of NTFET characteristics for each device type
in response to incubation to all five purine solutions are presented in Figure S1. All the
measured devices exhibited changes in NTFET characteristics that can be viewed as a
combination of shifting and tilting of the G-VG curves. The response of each device was
different to each purine compound, and different types of metal NP-decorated sensors
responded differently towards the same analyte due to the differences in the metals work
function and in the associated Schottky barriers formed across metal NP-nanotube
interfaces.27, 30 36-37 For example, for Au and Pt with work functions of 5.0 eV and 5.65 eV,
respectively, gate voltage would shift more on Au surface than Pt for the same compound
(Figure S1).

6

Figure 1. Device schematics and operational principle. (a) Optical microscope image of
the Si chip with four gold interdigitated electrodes (IDEs). (b) Scanning electron
microscope (SEM) image of a network of SWCNTs spanned between the fingers of IDE
after electrodeposition of Au NPs. Scale bar is 1 μm. (c) Schematic diagram of the liquidgated carbon nanotube field-effect transistor (NTFET). (d) Transfer characteristics of the
platinum nanoparticle-decorated NTFET in blank and in caffeine (1 mM) solutions. 11
selected features were calculated from the NTFET curves in blank and for the sample
solutions. (e) LDA plots for purine compounds discrimination.

A supervised learning algorithm, LDA, was subsequently applied to discriminate
between all five purine derivatives based on the combined response of the sensor array.
Following our previously published approach,28 eleven features that capture the changes in
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NTFET transfer curves (particularly related to curves “shifting” or “tilting”) were extracted
from the NTFET transfer curves as defined in Figures S2 and S3. To optimize the collection
of the large NTFET sensor dataset (over 40,000 NTFET curves) we have designed a feature
extractor (with 11 parameters extracted from each pair of curves, Figure 1d). The
corresponding data extraction script was written in Python language and is available for
download from our GitHub address.38 A data matrix containing the responses and the
replicates of Au-SWCNTs, Pt-SWCNTs, Rh-SWCNTs, Pd-SWCNTs, and bare oxidized
SWCNTs to adenine, caffeine, guanine, uric acid, and xanthine were input into the PAST
software,39 where LDA was subsequently performed. The objective of LDA was to
maximize the differences between different classes and to minimize the differences within
each class. In the plot comprised of the first two LDA vectors (Figure 1e), the data points
for different purines are seen to be well differentiated into separate regions, indicating an
effective discrimination of purine derivates despite their structural similarities.

Figure 2. (a) The list of purine derivatives considered in this work. (b) The DFT calculated
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adsorption energies of purine compounds on a bare Au(111) surface (black filled bars), on
Au(111) surface with an extra Au adatom (Au(ad)/Au(111)) (red) and on an Au80
nanoparticle

decorating

a

(14,0)

SWCNT

(Au(np)/CNT)

(yellow).

Graphical

representation of the adsorption configurations of purine derivatives on Au(111) and
Au(ad)/Au(111) surfaces are indicated in Supplementary Figures S4 and S5. (c) Pictorial
views of the DFT calculated structures of purine derivatives on the Au(np) adsorbed at an
oxygenated defect on a (14,0) SWCNT together with the corresponding adsorption
energies indicated at the bottom of respective panels. The C atoms are indicated in grey, N
atoms in blue, O atoms in red, H atoms in white and Au atoms in orange. The acronyms
indicated in panels b and c are defined in panel a.

In order to clarify the underlying mechanism of the purines discrimination and to
understand the interaction between purine compounds and metal nanoparticles decorated
SWCNTs,40 we conducted DFT calculations. The first objective of these theoretical
investigations was to identify the strength of interaction between purine derivatives and Au
surface, and for this purpose three different cases were considered. These correspond to
molecular adsorption directly on a bare Au(111) surface (see Figure S4), adsorption
mediated by an Au adatom on Au(111) surface (see Figure S5) and adsorption on an Au(80)
nanoparticle decorating a (14,0) SWCNT (Figure 2c). In the last case, the coupling of the
Au nanoparticle to the SWCNT takes place at an O-functionalized defect. For all molecules
investigated (see Figure 2a), several different lying down or vertical orientations were
considered as well as different binding locations on the corresponding surfaces. The
illustrated results indicate only the most stable configurations identified. As seen in Figure
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S4, all purine compounds adsorb in a lying-down configuration to maximize the interaction
between respective rings to metallic surface and in particular that between the N and O
sites with Au atoms. Among the purine set investigated, the most stable are CF and G
compounds for which adsorption energies of 33.4 and 33.7 kcal/mol were determined. In
the case when molecular adsorption is mediated by an Au adatom on the Au (111) surface
(see Figure S5), this facilitates formation of covalent bonds primarily with N (for X, A, CF
and G molecules) or with O (in the case of UA) sites and helps to decrease the repulsive
interactions between H atoms and Au surface. As a result, the calculated adsorption
energies (see Figure 2b) increase relative to the case when adsorption takes place on the
bare surface. Interestingly, the relative order of the adsorption energies for various
molecules does not change for the surface with or without an Au adatom. The same relative
energetic trend is maintained for the case when molecules adsorb on the Au(np)-SWCNT
hybrid system (see Figure 2c). The smaller size of the Au nanoparticle relative to previous
infinite Au slab models leads to a decrease in the corresponding long-range van der Waals
interactions and a corresponding drop of the adsorption energies to values in the 18.8-27.7
kcal/mol range. Similar to the previous cases when adsorption takes place on extended
metallic surfaces, the relative order in adsorption energies of various purine compounds is
unchanged and overall, both CF and G are found to be the most stable molecules. For both
these two molecules, direct bonding of N atoms with a protruding Au atom located on the
nanoparticle surface is seen to take place (see Figure 2c). Overall, these results indicate
that binding of purine derivatives can take place on either Au(111), Au(ad)/Au(111) or
Au(np)/CNT and in each case the largest adsorption energies are found for CF and G
compounds. In particular, adsorption of CF and G on Au(np)/CNT is enhanced by Au-N
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bond formation. We note that in the absence of Au from Au-SWCNT hybrid system, the
adsorption of purine derivatives on bare SWCNT is govern only by weak van der Waals
interactions leading to adsorption energy values significantly smaller than those observed
when Au nanoparticles are present on SWCNT (see Figure S10 in Supplementary
Material).

Figure 3. Charge difference maps for the two most stable purine derivatives identified in
this study: caffeine (panels a-b) and guanine (panels e-f) adsorbed on the hybrid Au(np)SWCNT (14,0) system. The indicated isosurfaces are +0.01 e- /Å3 (yellow) and -0.01 e/Å3(blue), respectively. The results are shown for the interface between respective
molecules and Au nanoparticles (panels a) and e)) and between Au nanoparticles and
SWCNT (panels b) and f)). The partial charge density isosurface (0.01 e-/Å3)
corresponding to an energy range of 0.2 eV above the Fermi level is shown in panels c)
for caffeine and g) for guanine, respectively. Total density of states (DOS) and the
corresponding local density of states (LDOS) projected on individual SWCNT, Au
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nanoparticle and adsorbed molecules are illustrated in panels d) (caffeine) and h)
(guanine). The color scheme for different atoms is the same as described in Figure 2.

The interaction between purine derivatives and Au surface leads also to important
charge transfer effects. These can be seen from the charge difference maps represented in
Figures 3a-b for CF and 3e-f for G when adsorbed on Au(np)-CNT hybrid system. The
first set of panels (a and e) indicate the charge transfer at molecule-Au interface while the
second set of panels provide a similar type of information at the Au-CNT interface. Based
on Bader charge analysis it is found that charges as high as 0.34 e for CF-Au-CNT and
0.36 e for G-Au-CNT are transferred from Au nanoparticle to the SWCNT, respectively.
In NTFET characteristics, the charge transfer can be correlated to the change in
transconductance (slope), threshold voltage shifting, and minimum conductance change,
27, 30

and the results from DFT calculations support the feature selection results in SVM

model (vide infra). The electronic properties of purine Au-SWCNT hybrid system for CF
and G are analyzed in Figures 3d and 3h, respectively. In each case we illustrate the total
density of states (DOS) and the localized density of states (LDOS) on the respective
components, i.e. the adsorbed molecules, the Au nanoparticles and the SWCNT. For both
CG and G systems there are non-zero contributions just above the Fermi level, indicating
a semimetallic or metallic character. The contributing states in the range of 0.2 eV above
the Fermi level are represented in the partial charge distribution plots shown in Figures 3c
for CF and 3g for G. In both cases, the indicated charge densities are delocalized on both
Au nanoparticle and on SWCNT, in support of the sensing functionality of the entire hybrid
system.
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Based on the DFT results, Au NP decorated SWCNTs demonstrate the potential to
discriminate purine molecules. However, due to the close adsorption energies among some
of these compounds, for example, UA and A, it is hard to discriminate them exclusively
using energetic criteria on Au NP functionalized SWCNTs surfaces. In fact, NTFET
characteristics that can be correlated to adsorption energies such as the change in
transconductance (slope), threshold voltage shifting, and minimum conductance for Au
NP-decorated devices (Figure S11) were similar for all five purine derivatives, indicating
that individual NTFET characteristics cannot adequately distinguish between the
compounds. Therefore, we extended the analysis to the case of different metallic surfaces
and we demonstrate that by utilizing the subtle interactions between each compound with
different metallic surfaces, corroborated with an LDA analysis, discrimination of various
purine compounds becomes possible.
In order to evaluate possible applications of the purine discrimination model, we
examined its robustness. We marked one caffeine sample as unknown to see if the model
can correctly classify it. As shown in Figure S6, the brown empty triangle is the marked
unknown sample and this was classified outside the caffeine region. Upon addition of an
unknown sample the scatter of the data points in Figure S6 is practically a mirror image to
that in Figure 1e, which is indicative of overfitting.
The overfitting of data shows that the trained model has poor generalization ability and
is highly dependent on the initial training set. To address this problem and more reliably
predict the presence of purine compounds, we chose to examine the effect of algorithm
selection on predictive capability and robustness. We considered the case of caffeine
molecule which, as was shown by DFT calculations, provides a strong charge transfer
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effect to metallic nanoparticle. We expanded the collected data set by including additional
training data. The samples used for the training data set are summarized in Table 1. A total
of 398 measurements, separated into caffeinated and non-caffeinated classes, were taken
from 32 solutions with various concentrations. Caffeine prediction models were
constructed for the new dataset and validated by a 10-fold stratified cross-validation
approach. Both LDA and SVM models discussed below were tested using this procedure.
For this purpose, the dataset was split into 10 parts, each part having the ratio of caffeine
to non-caffeine 1:2.54 in accordance to the ratio of the two classes in the dataset, 9 parts
were used to build the model and 1 part was used as an unknown sample to test the
robustness of the model.
We tested the LDA model and used the recursive feature elimination with cross
validation (RFECV)41 to determine the relationship between the number of features and
the model prediction accuracy (Figure S7). In the RFECV procedure, the features selection
is done recursively by reducing the set of features based on a weighting scheme with the
weights being initially assigned to the features from an estimator. With the corresponding
number of features of each iteration, the algorithm outputs an accuracy which is based on
stratified 10-fold cross-validation. The estimator was trained on the initial set of features
with the importance of a feature ranked by its importance in the linear model (i.e., the
features that contribute to a higher classifier accuracy typically have larger weights and
consequently are more important). The importance/ranking was calculated from the weight
square (w2) of each feature in the model.41 In an LDA model (Figure S8), the best accuracy
approaches 95% for a model with 48 features out of a maximum of 55 available (Figure
S7a). The model was further tested by against a titration regime to confirm response to
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caffeine. We prepared three caffeine spiked samples (Coca-Cola) as the test data with total
molarities of caffeine of 1 mM, 2 mM, 3 mM, we fed the data to LDA model, the accuracy
for sample is around 85% (2/12).

Table 1. Caffeinated and non-caffeinated samples for building prediction models
and their concentrations.
Class

Caffeinated

NonCaffeinated

Name
Coca-Cola (caffeine)
Diet Coke (caffeine)
Coca-Cola Zero Sugar (caffeine)
Pepsi (caffeine)
Dr. Pepper (caffeine)
aqueous solution (glucose and caffeine)
aqueous solution (caffeine)
–
–
–
Caffeine Free Coca-Cola Classic
Caffeine Free Diet Coke
nanopure water
aqueous solution (glucose)
–
–
–
–
–
–
aqueous solution (NaCl)
–
–
–
–
–
aqueous solution (citric acid)
–
–
–
–
–

Concentrationa
0.4 mM
0.4 mM
0.4 mM
0.4 mM
0.4 mM
0.3 M and 0.5 mM
0.5 mM
1 mM
2 mM
3 mM
decarbonated soft drink
–
/
0.1 mM
0.5 mM
0.9 mM
1 mM
2 mM
3 mM
0.3 M
0.1 mM
0.5 mM
0.9 mM
1 mM
2 mM
3 mM
0.1 mM
0.5 mM
0.9 mM
1 mM
2 mM
3 mM
15

a) Concentrations refer to the components in the parenthesis.

In order to explore the effect of algorithm choice on the number of features as well
as to identify the most important features across different models for caffeine classification,
we performed RFECV on a SVM model. SVM42 is a powerful machine learning algorithm
widely used for classification9, 43 and gene selection41, 44 in chemistry and biology. The
classifier itself is defined by a separating hyperplane defined in the dimension of the overall
feature space. For example, given the labeled data (training data), SVM outputs an optimal
hyperplane which classifies new data. For the caffeine prediction dataset, the best accuracy
of the SVM model was found to be around 93.4% with only 11 features across all 5 sensor
surfaces (Figure S7b). The features of interest identified in this case are the following: 1Au, 2-Au, 11-Au, 2-Pt, 5-Pt, 7-Pt, 9-Pt, 2-Rh, 6-Pd, 5-Bare, and 8-Bare, where the features
numbers for each corresponding surface are detailed in Figure 1d and Figure S3. Python
code to perform feature selection can be found in Supporting Information. Selection of too
many features in the model not only increases the model running time and noise, but also
can potentially lead to overfitting. As a result, based on the comparable accuracy of LDA
and SVM, and the significantly smaller number of features required by SVM, we selected
SVM as our classification model algorithm for the detection of caffeine.
The SVM model for caffeine prediction shows great potential as a classifier leading to
high accuracy with relatively few input features. Analysis of the selected features in the
SVM model reveals that Au and Pt surfaces have the largest contributions to the
classification, as 7 out of 11 features belong to these two surfaces. Features from the other
surfaces like Rh, Pd, and bare increase only slightly the accuracy as shown below. To
examine the underlying features for each metal surface, we performed RFECV on each
16

single surface and summarized the selected features (black checks) and the corresponding
accuracy in Table 2. The corresponding confusion matrices for different surfaces before
and after RFECV are presented in Table S1. The model accuracies from Au and Pt surfaces
are 85.4% and 86.4%, respectively, the highest among the five surfaces investigated. In
fact, when combined, these two surfaces provide an accuracy of 90.9% with the selected
features marked as red checks in Table 2. This accuracy is somewhat smaller than the
93.4% accuracy observed when considering all five surfaces. Additionally, we found that
the three features selected on Au surface, which are 1-Au, 2-Au and 11-Au, can give 85.4%
prediction accuracy. These three selected FET features correspond to changes in
transconductance, threshold voltage, and minimum conductance – parameters associated
also with the charge transfer between analyte molecules and nanotube sensors. This
observation is consistent to our DFT results which demonstrate the existence of an
important charge transfer between caffeine molecule and Au NP decorated SWCNTs
hybrid system (vide supra). However, individual NTFET characteristics such as
transconductance, threshold voltage, and minimum conductance (Figure S11) cannot
adequately distinguish between the related compounds.
Table 2. The selected FET features and their prediction accuracy in SVM analysis
after RFECV.
FET Featuresa

Au

Pt

1

relative change in
transconductance (slope)





2

threshold voltage (Vth)
shift





3

∆G/G0 at –0.6 VG



Rh

Pd

Bare
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4

∆G/G0@Vth at –0.6 VG

5

∆G/G0@Vth at –0.4 VG



6

∆G/G0@Vth at –0.3 VG



7

∆G/G0@Vth at +0.3 VG



8

∆G/G0@Vth at +0.4 VG

9

∆G/G0@Vth at +0.6 VG

10

∆G/G0 at +0.6 VG

11

∆G/G0 at minimum G
Accuracy
Accuracy











































85.4%

86.4%

71.8%

77.6%

75.5%

90.9%

a) Refer to Figure 1d and Figure S3 for definitions of the FET features.

The above presented analysis indicates that the supervised learning techniques can be
successfully applied to NTFET sensor data and allows identification of analytes with high
accuracy, complementing traditional DFT calculations.

Conclusions:
We were able to use metal nanoparticle decorated SWCNTs as a FET sensor array
combined with supervised machine learning techniques to discriminate purine compounds.
Initial viability of sensing purine compounds was established by DFT calculations
demonstrating both sufficient interaction energy as well as charge transfer that would
impact FET performances. Upon applying LDA to a set of five metal nanoparticledecorated carbon nanotube NTFET devices, we encountered overfitting when we tried to
predict the presence of different purine compounds. We made our model more robust by
expanding the database of caffeinated and non-caffeinated samples combined with a
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stratified 10-fold cross validation approach and evaluating the effect of algorithm choice.
For the large amount of feature extraction tasks from our extended experimental database,
we created a feature extractor written in Python language with the automated results
showing little difference from the manually processed ones. The primary advantage of
using LDA analysis for caffeine prediction was to achieve a 95% accuracy in successful
classification. In this approach, a set of 48 out of a total of 55 potential features were needed
to achieve 95% accuracy. The SVM model was found to be advantageous for greatly
reducing the number of features to 11 with a slight decrease in classification accuracy to
93.4%. For SVM models, Au and Pt surfaces provide the critical measurements and the
corresponding NTFET characteristics i.e. the transconductance, the threshold voltages, and
the minimum conductance were identified as the main sensing descriptors necessary for
the overall classification. These main features corroborate our initial DFT results related to
purine binding and to the associated charge transfer to metallic surfaces. Overall, this work
demonstrates the successful combination of sensor array experiments, supervised learning,
and DFT calculations to discriminate among five different purine compounds, an approach
with potential for discriminating structurally similar analytes.

Experimental Section:
Materials
Commercially available SWCNTs (P3-SWNT) were purchased from Carbon Solutions,
Inc. Polydimethylsiloxane (PDMS) was procured from Ellsworth Adhesives. Metal salts
HAuCl4 (99.9%), H2PtCl6 (99.9%), Na3RhCl6 (98%), Pd(Ac)2 (98%), and anhydrous
caffeine (C8H10N4O2), L-glucose (C6H12O2), citric acid (C6H8O7), were acquired from
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Sigma Aldrich. Sodium chloride (NaCl) was purchased from Fisher Scientific. All reagents
were analytical grade and were used as received. Soft drinks (Coca-Cola, Diet Coke, CocaCola Zero Sugar, Caffeine Free Coca-Cola Classic, Caffeine Free Diet Coke, Pepsi, and
Dr. Pepper) were purchased directly from Giant Eagle and Walmart and were degassed for
experimental use. Nanopure water from Thermo Scientific Barnstead Nanopure System
with resistivity >18.2 MΩ·cm was used to prepare all solutions.

NTFET fabrication and decoration with metal nanoparticles
100 mm Si wafers with 1000 chips comprising four gold interdigitated electrodes (IDEs)
were fabricated via a standard photolithography process as previously described.45
Individual chips (2×2 mm) were then wire-bonded into standard 40-pin ceramic dual inline packages (CerDIP) and secured with PDMS to protect and passivate the electrical
contacts. Liquid fluid chambers (1 mL) were fixed to the packages using PDMS to contain
blank and sample solutions. SWCNTs were incorporated between electrodes using AC
dielectrophoretic (DEP) deposition (0.01 mg/mL SWCNT in water, 10 Vpp at 10 MHz for
60 s). Metal nanoparticles (Au, Pt, Pd, and Rh) were then electrodeposited through bulk
electrolysis using a CH Instruments electrochemical analyzer in a three-electrode setup (1
M Ag/AgCl reference electrode, Pt counter electrode, and IDEs as working electrodes)
from a metal salt solution (1 mM in 0.1 M HCl). Size of metal nanoparticles was optimized
for these experiments through control of the concentration of the metal salt solution (1 mM),
deposition voltage (-0.2 V), and time (30 s) based on the previous studies.28,40 This
electrodeposition process yields discrete metal nanoparticles in sizes ranging from 10-50
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nm anchored to defect sites of the SWCNTs as characterized by scanning electron
microscopy (SEM).

Scanning Electron Microscopy Imaging
Scanning electron microscopy (SEM) was performed with Zeiss Sigma VP Scanning
Electron Microscope.

NTFET measurements
NTFET transfer characteristics (G-VG) were recorded by introducing the chosen solution
into the liquid chamber and addressing the device with a Ag/AgCl reference electrode
(CHI111, CH Instruments, Inc), which was calibrated against the standard new Ag/AgCl
electrode to ensure the stability. Nanopure water was used. Water is electrochemically
active due to autoprotolysis46-47 and has an ionic conductivity of 10-6 S/cm. Gate voltage
(VG) was swept from +0.6 V to -0.6 V with a constant 50 mV source-drain voltage (VSD)
and source-drain current (ISD) recorded as a function of gate voltage using two Keithley
2400 SourceMeters. Source-drain conductance (G) was then calculated (ISD/VSD) and
plotted as a function of the applied VG. NTFET transfer characteristics (G-VG) were
collected from each device type in nanopure water as a baseline. NTFET transfer
characteristics were stable after 5 min incubation (Figure S12). Subsequently, sample
solutions (listed in Table 1) were introduced to the liquid chamber and allowed to incubate
with the chip for 5 minutes before the second NTFET transfer characteristic was collected.

Computational Methods
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Investigation of the adsorption and electronic properties of the set of purine derivatives
indicated in Figure 2a) on Au and on hybrid Au-SWCNT surfaces have been done using
plane-wave DFT calculations as implemented in Vienna ab initio simulation package.48-49
Perdew-Burke-Ernzerhof (PBE)50 exchange correlation functional corrected to include
Grimme-D351 long-range dispersion interactions was used in these calculations together
with cutoff energies of 400 eV for structure optimizations and 500 eV for electronic
properties calculations. Three surface models were investigated. The first one corresponds
to a bare (5x5) Au(111) slab model with four layers among which the top two layers were
relaxed while the bottom two were kept frozen at bulk optimized values. surface model. In
the second model, adsorption of purine derivatives takes place on a similar Au(111) surface
but with an extra Au adatom, initially located on the surface at a hollow site. For both these
two models a vacuum width of 16 Å was used together with a 3x3x1 Monkhorst –Pack52
k-point grid. In the case of Au-SWCNT hybrid system a (14,0) SWCNT with six repeating
units (taken along Oy axis) has been considered with the Au80 nanoparticle bonded to the
CNT surface at a C-C defect functionalized with a mixture of COOH, O and H species.
The k-point grid considered for optimizations of this hybrid systems contained a single Γ
point which was increased to a 1x7x1 Monkhorst –Pack48 grid for DOS calculations. The
adsorption energies of purine molecules on either Au or hybrid Au-SWCNT surfaces have
been determined as Eads= (nEmolec + Eslab − E( molec + slab ) ) / n , where Emolec is the energy of
isolated purine molecule at its optimized gas-phase geometry, n represents the number of
adsorbate molecules in the simulation cell, Eslab is the total energy of the slab (Au or hybrid
Au-SWCNT), and E( molecule + slab ) is the total energy of the adsorbate/slab system. Positive
adsorption energies correspond in this sign convention to stable binding configurations.
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The amount of charge exchanged between adsorbates and Au or Au-SWCNT systems was
evaluated based on the Bader charges53 using Henkelman et al.54 algorithm. The effect of
solvation upon the adsorption energies of purines on Au(111) surface has been investigated
using a Poisson-Boltzmann implicit solvent model as developed by Henning et al.55-56 and
implemented in VASP.
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